The aim of this study is to test and compare two probabilistic based models (frequency ratio and weightsof-evidence) with regard to regional gold potential mapping at Kelantan, Malaysia. Until now these models have not been used for the purpose of mapping gold potential areas in Malaysia. This study analyzed the spatial relationship between gold deposits and geological factors such as lithology, faults, geochemical and geophysical data in geographical information system (GIS) software. About eight (8) gold deposits and five (5) related factors are identified and quantified for their spatial relationships. Then, all factors were combined to generate a predictive gold potential map. The predictive maps were then validated by comparing them with known gold deposits using receiver operating characteristics (ROC) and "area under the curve" (AUC) graphs. The results of validation showed accuracies of 80% for the frequency ratio and 74% for the weightsof-evidence model, respectively. The results demonstrated the usefulness of frequency ratio and weights-of-evidence modeling techniques in mineral exploration work to discover unknown gold deposits in Kelantan, Malaysia.
Introduction
Mineral exploration is the process of finding resources that have the potential to be economically viable for mining activities [1] . It is a multistage exploration and multidisciplinary effort that generally begins at the regional scale and as it progresses, will be at a much smaller scale (i.e. at the prospect area. The process takes a lot of time and the funding can go up to millions of US dollars for large scale exploration. In order to minimize time and cost, it is important to have a very good prediction map. Generally, since mineral occurrences are mainly controlled by geological, geochemical and geophysical factors, prediction maps are produced by processing all related factors simultaneously [2] . The use of conventional prediction methods of overlaying maps on a light table to integrate different factors is a very difficult task which takes a lot of time and is sometimes impossible. Geographical Information Systems (GIS) are capable of analyzing, integrating and combining multiple spatial data layers with a wide range of possibilities in geospatial modeling applications (refs) . In contrast to conventional mineral potential mapping, GIS offers the ability to integrate and combine multiple layers of mineral controlling factors [3] such as lithology, structure, geophysical and geochemical data and thus enables the users to construct mineral potential maps [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] . Many studies have been carried out on mineral potential mapping using GIS. Numerous spatial modeling techniques have been developed and tested by researchers to effectively integrate and analyze the association of mineral occurrences with various geospatial data. There are two modeling approaches that can be found in the literature: knowledge-driven and data-driven approaches. Knowledge-driven techniques are a more subjective approach due to the modeling process. They rely on the modeler's input or expert opinion to provide the relative weightings of different conditioning factors. These methods may be more appropriate for lesser to unexplored landscapes with few known deposits of the type sought [16] [17] [18] . The knowledge-driven approaches are undertaken with fuzzy logic [17, 18] and Dempster-Shafer evidence belief functions [19] [20] [21] [22] [23] . Data-driven techniques offer a more objective approach to the modeling process. They rely on mathematical relationships between the deposit-types sought and the predictor maps. These methods may be more appropriate for moderately-to well-sampled landscapes with many known deposits of the type sought [24] . The data-driven modeling approaches are frequency ratio [25, 26] , weights-of-evidence [27] [28] [29] [30] , logistic regression [4, 25, 31] and artificial neural network (ANN) [32, 33] . Not much work has been done on mineral potential mapping using remote sensing and GIS in Malaysia. Only Surip [34] presented a case study in Penjom-Merapoh, Pahang. This study used eight related factors consisting of lithology, lineaments, granite bodies, count of K (Potassium), concentration of Arsenic (As), concentration of Tungsten (W), concentration of Lead (Pb), and concentration of Copper (Cu) in their study. The weighting for each map class was based on researchers' judgment together with additional references from previous studies. Their study, found that the Penjom Gold Mine is located in a very high potential area with several potentially favorable areas falling within the north-south geological structural trend, which is classified by many researchers as a highly prospective gold zone. The present study uses GIS to integrate and analyze a variety of Geoscience data, namely geological, geochemical and geophysical. The objective of the present study is to identify the spatial relationship between geochemical, geological, geophysical factors and the occurrence of gold mineralisation, to apply statistical models of frequency ratio and weights-of-evidence for finding the best prediction approach for gold potential mapping and to generate a gold potential map using a quantitative gold potential index using the aforementioned models in Kelantan, Malaysia.
Study area and geological setting
The study area is part of the Kelantan State bounded by latitudes 4 ∘ 38'20" -4 ∘ 56'40"N and longitudes 101 ∘ 49'50"
-102 ∘ 1'55"E ( Figure 1 ). The study area occupies approximately 593km2. This region was selected due to data availability and the quality of geospatial layers of gold deposits, geological, geochemical and geophysical survey. The general geology map of the study area is shown in Figure 2 . There are two sedimentary formations in the study area; the Gua Musang Formation in the western part and the Gunung Rabong Formation in the eastern part. Granitic intrusives are located in the northeast part of the study area. The Gua Musang Formation was described by Yin [35] as a Middle Permian-Upper Triassic aged [35] sedimentary formation consisting mainly of argillaceous facies, mudstone and pelitic hornfel, slate and phyllite, sandstone and metasandstone rocks. Some occur as outcrops through the Triassic cover of Gunung Rabong Formation in the eastern area.
In the eastern side of the study area, the Middle-Upper Triassic age [35] Gunung Rabong Formation sedimentary rocks consist mainly of sandstone with subordinate shale, mudstone, siltstone, conglomerate and volcanic. Triassic limestone occurs as lenses, forming cliff-bound ridges and rows of isolated tower-like hills. Several inliers of limestone rocks are found cropping out through the Permian sedimentary cover in the southwest area [35] . The granitic intrusive rocks are the Ulu Lalat (also known as Senting) granite which according to Yin [35] consist mainly of medium to coarse-grained porphyritic biotite granite. These granites have an associated well-developed hornfelsic halo [35] . Intrusive rocks of several small granitic stocks are scattered among the sediments and metasediments. Generally, there are two set of fault trends in the area; N-S to NW-SW and the NE-SW. According to Hutchison [36] , the N-S to NW-SE direction is the dominant geological structural trend, which has occurred as a result of past orogenies. Based on the geochemical results, geological setting, structural geology and geophysical information obtained from previous works [37] [38] [39] [40] [41] , it is concluded that most of the gold mineralization in Kelantan occurred in the Triassic and Permian metasedimentary rocks. The Senting Granite normally carries some gold mineralization in shear zones. Quartz veins are well-developed along these shear zones and cut through the sheared granitoid. Structural studies show that there are two sets of faults controlling the gold mineralization. The first set trending NE-SW is found to be more significant than the second set trending N-S [42] . The gold deposits that are present in this study area are mainly contained within hydrothermal veins, including low sulphide and high sulphide quartz veins, quartz veins in sheared granitoid and structurally controlled quartz veins [42] . 
Data used
Locations of gold deposits were obtained from the Minerals and Geoscience Department of Malaysia (JMG). The available data related to gold deposit occurrences are geological data of lithology and faults (Figure 3 ), geochemical data of Copper (Cu) and Tungsten (W), and radiometric geophysical data also produced by the JMG. All of these factors were used within a spatial database with a pixel size of 15 m×15 m. Most of the continuous data were classified based on the standard deviation value. The categorical data such as geology was set as the unique attribute value for each class. The numbers of rows and columns are 1480 and 2256 respectively, and the total number of cells in the study area is 2,635,066. The number of gold deposit occurrences is 8 and the number of factors is 5. The geological data were derived from 1:50,000 scale geological maps.
Generally speaking all gold mineralization in Peninsular Malaysia is structurally controlled [43] . Commonly, mineralization happens to conform to the shear zones and faults in a North (N) -South (S) and Northeast (NE) -Southwest (SW) direction [43] . The same directions also apply in the study area with the structural patterns showing two sets of faults controlling the gold mineralization i.e. the NE-SW trend is found to be more significant than the N-S trending [42] . These faults acted as a passage for hydrothermal fluid that made the gold deposits from local sources. The distance to fault line was estimated using the Euclidean distance analysis in ArcGIS. Since the mineralization was structurally controlled, the distance to fault lines are important indicators of their expected location. Figure 4 shows that gold deposits are found to be close to the fault line. The geochemical maps were made from Inverse Distance Weighting (IDW) interpolation of values of geochemical elements, which were analyzed from collected samples of stream sediments ( Figure 5 ). The sampling density is one sample per 1.5 to 2.5 square kilometers. The element distribution can be related to lithology and mineralization areas. Remote sensing techniques have been applied by JMG to aid the identification of geological features such as lithology and structures [40] . They have used aerial photos with Landsat TM5 imagery to map the earth surface features while airborne geophysical surveys are used to interpret the earth subsurface features. The geophysical data were acquired through airborne spectrometric and magnetic surveys under the Central Belt Project in 1980 (Figure 5) . In GIS, when converting vectors to a raster involving more than two attributes, the attribute that occupies the largest area is selected as the representative of the cell. The remaining attributes are then ignored. Therefore, the selection of cell size is very important. If the cell size is too big, many attributes will be ignored and if the cell size is too small, the file size will be too big and computing time is lengthened [25] . Then, based on the input data scale, the selection of cell size must be focused on minimizing the loss of data and computing efficiency. For maps with scales of 1:250,000 and 1:50,000, the most suitable cell sizes are 62.5 m and 12.5 m, respectively [44] .
Methodology
The preparation of gold potential maps using ArcGIS 10.2 was accomplished in four major steps ( Figure 6 ):
1. Compilation of a spatial database: A total of 8 gold deposits were used to create a spatial database using GIS. In this case, geological, geochemical and geophysical maps were similarly treated. 2. Processing the data from the database: Using the GIS overlay method, the gold deposits and the factors were combined and their relationships were determined quantitatively using frequency ratio and weights-of-evidence models. For analyzing and validating the gold potential map, the known gold deposits were randomly split into two groups: 70% training / 30% validating [45] . In this study, five gold deposit were used in the training data set and three gold deposit were used for validation purposes. 3. Application of an integration model to generate a predictive gold potential map. 4. Verification of the gold potential map using known gold deposits that were not used in the analysis.
The data processing steps involve numerous operations to extract and enhance predictive criteria from each of the input data layers. Integration modeling refers to the methods used for combining predictive-data layers into a gold potential map. The predictive gold potential map does not estimate the number and size of the gold deposits, but indicates, on the broad scale, areas considered to be prospective for exploration. Figure 6 : General methodological flow chart adopted in this study.
Application of the frequency ratio model to gold potential mapping
The frequency ratio is the probability of the occurrence of a certain attribute. The relationship between gold deposit occurrences and each gold deposit related to that factor is observed to reveal their spatial correlation. The frequency ratio is calculated from analysis of their relationship. The frequency ratio between gold deposits and each related factor is shown in Table 1 . A ratio value greater than 1 means a higher correlation while a ratio value lower than 1 means a lower correlation [45] [46] [47] [48] . Frequency ratios of each factor type were summed to calculate the gold potential index (MPI), as shown in Eq. (1) below
where Frn is the frequency ratio of each factor type.
In the literature, the probability based models of the frequency ratio and weights-of-evidence have been successfully applied in Malaysia for the studies of landslide susceptibility assessment [45, [49] [50] [51] and groundwater mapping [52] .
Application of weights-of-evidence model to gold potential mapping
Weights-of-evidence is a method that uses a log-linear formulation of Bayes' Rule of Probability with an assumption of conditional independence to combine map patterns [9, 27, 53] . Weights-of-evidence allows users to explore the spatial relationship of known gold deposits with exploration data sets [9] . For each gold deposit, a pair of weights is calculated, one for presence of the related factors (W + ) and one for absence of the related factors (W − ).
The value of the weights depends on the spatial correlation between gold deposits and each related factor. The weights are then used to estimate the probability of an unknown mineralized area based on the presence or absence of related factors for gold deposits occurrences. The weights between gold deposits and each related factor is shown in Table 1 . The evidence map layer from each related factor is combined to produce a gold potential index map. The magnitude of the weights depends on the measured association between the gold deposits and the pattern of each gold deposit's related factor. Weights-of-evidence of each factor type are summed to calculate the gold potential index (MPI), as shown in Eq. (2) below:
where WoEn is the weight-of-evidence of each factor type. The purpose of using predictive models like frequency ratio and weights-of-evidence is to establish a spatial relationship between gold deposits and each related factor. The range for each factor was set and re-classified. By summing the entire related factor, the gold potential indices for each model were created using their respective equations [Eq. 1 and 2]. The MPI F and MPI W represent the relative potential of gold deposit occurrences. The predictive gold potential map was made using the MPI L and MPI W . Higher values show a higher potential for gold deposit occurrence and the lower the value, the lower the potential for gold deposit occurrence. The gold potential index values were reclassified into four classes (highest 10%, second 10%, third 20% and remaining 60%) based on equal area for visualization and interpretation ( Figure 7 ).
Results and Discussion
A GIS and statistical approach was used to compile, analyze, manipulate and visualize a large geochemical dataset collected from the Kelantan area. A total of 5 layers of gold occurrence related factors were modeled using frequency ratio and weights-of-evidence to determine their level of correlation with the locations of known gold deposits. The gold potential mapping for the study area was performed using frequency ratio and weights-of-evidence models on the training data set. The final gold potential map produced by the two models must be validated using success rate and predictive rate methods to provide a meaningful interpretation with respect to gold potential [54] . The success-rate results were calculated by comparing the gold potential maps that were built using the training dataset with the training dataset itself. The success rate showed how well the gold potential analysis results fit the training dataset. This method divides the area of a gold potential map into 100 classes, ranging from the highest to the lowest gold potential index (MPI) values [55] . The number of gold deposit grid cells in each class is calculated and a cumulative success-rate curve is plotted (Figure 8 ). Considering all the factors used in the study area, the success rate of 90-100% class (10%) in which the gold potential index had a high rank could explain 40% of all the gold deposit occurrences for frequency ratio model and 60% for weights-of-evidence model. While the success rate method compares the gold potential map with the training dataset, the prediction rate calculation used the validation dataset by comparing it with the gold potential maps developed. As with the success rate, the prediction rate showed how well the gold potential maps predict the occurrences of gold deposits [56] . The prediction rate results obtained are plotted in Figure 8 . For each model, the areas under the curves (AUC) were calculated. An AUC equal to 1 indicates perfect prediction accuracy [57] .
In the frequency ratio model, the area ratio was 0.8940 with a success rate of 89.40%. For the weights-of-evidence model, the area ratio was 0.8440, giving a success rate of 84.40%. Overall, the frequency ratio model gave a higher success rate compared to weights-of-evidence model. The prediction accuracy of the frequency ratio model had an area ratio of 0.8067 or prediction accuracy of 80.67% while the weights-of-evidence model gave an area ratio of 0.7467, showing a prediction of 74.67%. The result shows that the frequency ratio model gave higher chances of dis-covering new gold deposits compared to the weights-ofevidence model. In this study, the gold potential maps generated by the models not only predict known areas of gold occurrence, but also reveal new areas of potential mineralization where no known gold deposits occur. Several locations within the study area are identified as having high gold potential. Many areas with high gold potential coincide with known deposits while newly revealed areas remain a mystery until follow-up gold exploration can be undertaken. In this study, the frequency ratio and weights-of-evidence models were found to be useful techniques for combining geological, geochemical and geophysical maps. The gold potential is determined by how well the related factors fit the known gold deposit models and existing knowledge regarding mineralization of a certain area. However, there are some limitations to this study. The economic value is not considered as the size and grade of deposit cannot be determined. Through these applications, only the mineral potential is estimated. No attempt is made to interpret the size or geometry of the potential deposit because of the dynamic and variable nature of geology and the mineral exploration environment at each location.
Conclusion
Although GIS modeling approaches for mineral potential mapping have been widely used in many countries, this study is considered as the first one in Malaysia where a data driven modeling technique is used to map predictive mineral potential mapping in a GIS environment. GIS offers great potential in mineral exploration by providing a wide range of tools to manipulate, analyze, integrate and visualize geochemical, geological and geophysical data in a faster time as compared to conventional practices. The area under the curve used for prediction accuracy shows that the frequency ratio and weights-of-evidence models performed at 80.67% and 74.67% accuracy respectively. The frequency ratio model gave higher accuracy than the weights-of-evidence model employed in this study. This means that the frequency ratio model has a high prediction accuracy based on the gold potential mapping in the study area.
The results show all factors were successfully used in predicting not only known areas of gold deposits but also the unknown areas where no known deposits occur. Based on the study results, the gold potential map can be used to aid exploration work in search for undiscovered gold deposits in the study area. The quality of the final predictive gold potential map is most influenced by the availability and quality of geospatial data. Having more input data such as gravity maps, more detailed geological maps and higher amounts of known gold deposits can strongly increase the reliability of the gold potential map. Field checking also needs to be done to prove the map's accuracy. This study can be used as a guideline for future studies of using different types of modeling techniques and advance remote sensing tools such as multi-band higher spectral resolution ASTER satellite images to produce gold potential maps in other areas. In addition, the study output provides technical support to government agencies as well as private sectors on gold exploration in Malaysia.
